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Motivation & Problem Method Overview Main Results: Best-of-8
@W Problems with existing datasets | Seed Dataset :“) i R (D ST S S U L —~ : Model IndOR Easy Cplx NLALP NL40O ReSoc Avg
o®0 ## Set: Routes: R ={A, B, C}, Resources: {Trucks, Drivers}.... = . +
]
Question: A company needs 1o complete 1.Infeasible Problem | ##Parameters: Costruq = [500, 600, 700], Costoger = [300, 353, 400].... I [RAW e e > %‘# : GPT-40 40.5 69.5 351 56.2 53.1 47.9 50.4
the printing of three books: Book 1, Book J eg. The solver returns infeasible I ## Variables: Number of trucks on routes A, B, C: xa Xg, Xc €Z ... I Selection [
S < ey e demand exceeds ## Objective: Min Costrys = 800X4+950x+100Xc ... \ Svnthes : DeepSeek-v3 66.7 91.9 39.6 92.7 /6.5 73.9 73.6
| N 2.Modeling Error | A ConSa: Xy 10,02 18,5y 5 #1650 30+ 5g +16500 .. | RawData  SelectedData  PolicyModel ~ L—— 1  ° P OR-ProcessQA |
e Sanein s« s v ey atos 1o | OR o o oA A = b. Synthesis o R T SR Qwen-7B 19.0 49.7 12.6 50.0 41.3 36.7 34.9
T e e | ) TG -Process s
gzwglatgg ;hs i}lltsvlv;: t e meseiean® 3.Code Error [ [Parameter Definitions] The decision variable is correct, \n 4le e Dl < Parameters & Variablesﬁ<— Objective & Constraintsﬁ% Solver Code \ +PRM 238 618 162 567 52 1 467 42.9
ecision Variables: ..... eg.The implementation contains I [Objectives & Constraints] The objective and budget constraints are ‘L ‘1,
% syntax elr'Lors,' undefnlneq v?gablesi correct, but exclusivity constraints are improperly formulated. \n Monte Carlo % 1+8.0
_ IS IR, B B PR | [Generated Code] FL_mction ‘Rule’ expects t\_/vo arguments (" prop3’, Tree Search St 3 @ St 1
Code: import coptpy as cp \n from coptpy 4.Different Solvers ‘prop4‘).but only receives one (*prop3’) causing a “TypeError'. \n age Stage 2 age
gsic;gtn?nc;i:\n Create a COPT e | | [Execution Output] Since the code fails, it is no valid output. The Qwen_14B 35 7 66 2 3 6 75 8 61 O 50 4 48 8
zﬁﬁguslltr]cg E’lﬁ?;i"&i"éﬁié?:kes ' | F&ejizifs':ggagsdae ﬁ;lglr:n:r;ﬁg:;??:;nrg g‘;oﬁqxs t’:\'/\i/r'gnci?nns;?mt' X Valid Modeling W % Satisfied Constraintsﬁ % Executable Codeﬁ ' ' ] ] ] ) )
| ' ' +PRM 45.2 894 126 86.5 67.6 66.7 61.3
Correct % Incorrect = ror Al | (2) OR-PRM MOdel Training : T+12.5
Figure 1. Left: Existing noisy datasets. Right: Our curated seed data with step-by-step o0 G W D;ZFDICZrﬁiatlon | |||||||||||||| seriserre ) |
correctness labels. Rollout 1) (‘Step1,Step2,Step3,. l ‘ - [ s 9<,h T':b"' ] | Qwen-32B 47.6 80.0 82 87.1 685 66.3 59.6
| d p operly reflects |
Rotou?) (sieprsipzsiers.)—> @) —> @ . @ . +PRM 57.1 96.0 32.4 89.3 742 727 70.3
i i . : : ( |
* OR datasets are alarmingly unreliable — over 30% have serious errors Rollout K) ('Step1,Step2,5tep3,.. | pata Processing  OR-ProcessQA | Q SE— Q . 1+10.7
. . . . L e e e e e e e e e e — — |
= Noisy data prevents PRMs from learning faithful reasoning LLMOPT 524 960 486 904 817 722 736
Pipeline: (1) Seed dataset via 3-stage filtering. (2) OR-ProcessQA with MCTS + GPT-40. (3
peline: (1) : 9. (2) Q (3) +PRM 50.5 97.8 67.6 93.8 85.0 79.2 80.5
_ _ Train OR-PRM (SFT + DPO).
Key Contributions 1+8.9

iNi +24.2% on Complex-LP (32B), +12.5% avg (14B).
= OR-PRM: first Process Reward Model for OR, providing structured Data & Training

step-level natural language feedback instead of scalar scores o ] . _ ]
= OR-ProcessQA: first OR dataset with reliable step-level correctness Seed Data: Three-Stage Validation Modeling-Critique-Code Pipeline

labels, built via MCTS + GPT-40 verification

. 100% 100% 947/ 7.6% 95.0% 27:0%
= +12.5% average accuracy gain across 6 benchmarks in Best-of-N setting = S1: Code Execution — error-free solver run = Quenz.5-148 (wio it = Quen2.5-148 (wlo cito
= S§2: Constraint Check — Qwen3-8B verifies « 0% GPT-4o (w/o critic) S GPT-40 (w/o critic)
* S$3: Modeling Accuracy — GPT-4o0 validates fidelit 2 ock oongm T < e
Case Study: OR-PRM Feedback ' ) 4 4 s | B S . so.5% o[
OR-ProcessQA: 550K+ Annotated Steps ‘; 43.2% ‘;
OR-PRM Structured Critique Output g 40@ - - E; o
[Parameters] The decision variable is correct. v’ = MCTS generates trajectories; GPT-40 re-evaluates each step . = .
[Objectives & Constraints] Budget constraints are correct, but exclusivity constraints are = Consensus filter: Labelycts = Labelgp.40 I
improperly formulated. x - - »
_ _ Easy-LP Complex-LP ° Easy-LP Complex-LP
[Generated Code] Function Rule expects two arguments but only receives one — TypeError OR-PRM Training
X
[Judgement] Incorrect Stage 1 - SFT: Learn structured NL critique format. (a) pass@1 (b) pass@8
[Corrected Step] The exclusivity constraint should be x5+ x4 < 1, not 24, < x3. Corrected i _ Complex-LP: +23.4% pass@1 (Qwen-14B), +8.1% (GPT-40).
code: model.addConstr(x3 + x4 <= 1) V LSFT(H) — _E(gg,y) zglog PH(yt ‘ £, y<t)
| 1 t
Unlike scalar PRMs, OR-PRM provides actionable NL feedback with error localization and Stage 2 - DPO: Preference alignment (+8% over SFT—Only) ] Ablation Study
corrections. Lopo = —E |log o[ Blog To(Yuw|7) — Blog Wé(yl‘$)>
_ Tref(Yuw|2) Tref(y1|2) Method Easy-LP Cplx-LP Avg
- _ it Base: Qwen2.5-7B-Coder, 8xA100, DeepSpeed ZeRO-2, bf16.
OR-PRM vs. Traditional PRMs o P=P Pass@8 (upper bound) 94.7 23.4 59.1
Traditional PRM OR-PRM (Ours) Conclusion Self-consistency 50.8 3.6 27.2
Output Scalar score NIL critique OR-PRM is the first Process Reward Model for OR, delivering structured Qwen2.5 (Zero-shot) 2.1 9.9 410
Granularity Per-step Per-component step-level NL feedback. With OR-ProcessQA, it achieves 12.5% avg im- OR-PRM (SFT only) 79.6 6.3 430
. . provement (Best-of-N) and +23.4% pass@1 as critic, advancing trustworthy OR-PRM (SFT+DPO) 89.4 12.6 51.0
Error type Binary Categorized .
_ | Al reasoning in OR.
Correction None Auto-fix DPO adds +8.0% over SFT-only (Qwen2.5-14B).
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